The process of "transitioning" to adulthood for youth with disabilities has long been recognized to be an important but understudied public policy concern. This paper evaluates the labor market e¤ects of Virginia's school-to-work vocational evaluation program, PERT. Using a unique panel data set containing more than a decade of employment and service provision, we provide the …rst-ever assessment of the long-term employment impacts of a transitioning program for youth with disabilities. Overall, the estimated e¤ects are substantial: PERT has an estimated median quarterly rate of return of nearly 30%.
Introduction
For youth with disabilities, the process of "transitioning" to adulthood, whether in terms of completion of school, entering the labor force, or household formation, has long been recognized to be an important public policy concern (Luecking and Wittenburg, 2009 ). This population, which comprises about one-eighth of American youth (NCES, 2001 ), have employment rates that are about 20 percentage points lower than their same-age non-disabled peers and employment spells about onethird shorter (Wagner et al., 2005; Newman et al., 2009 ). Also, with 1:3 million persons aged 14 to 30 on the Supplemental Security Income (SSI) disability bene…t rolls (O'Day and Stapleton, 2009), the resulting long-term costs to society of caring for transitioning youth with disabilities are particularly high. 1 To combat unsuccessful transitions, a combination of legislation, public policy, and program initiatives have now been in place for more than a quarter century to establish a formal delivery system of training programs for transitioning youth with disabilities (Shandra and Hogan, 2008) . The Carl D. Perkins Vocational Education Act of 1984 required that students with disabilities be provided a vocational assessment. Subsequently, the passage of amendments in 1990 to the Individuals with Disabilities Education Act mandated transition planning for students in special education to begin no later than age 16 (Fabian, 2007) . Most recently, on July 22, 2014, President Obama signed into law the Workforce Innovation and Opportunity Act which, among other things, requires state vocational rehabilitation agencies to set aside at least 15% of their program funds to provide services to transitioning students with disabilities.
youth's school/employment transition period providing monitoring, specialized follow-along reports based on the student's school decision-making process, and technical assistance through local implementation meetings at participating sites. Supplemental evaluation services and vocational training may be provided during subsequent summers. Importantly, PERT is not a rehabilitation program. Rather, the PERT program assesses the needs and capabilities of at-risk adolescents with the aim of enabling more focused and e¤ective VR and schooling rehabilitation services.
PERT shares many features of transitioning youth programs run by various state and privately operated organizations across the country. 5 Inter-agency-administered youth transition programs which provide out-of-school vocational diagnoses along with social, daily, and employment skills training, are the norm nationwide (Center for Workers with Disabilities, 2006) . The Oregon Youth Transition Program, for example, involves a team of personnel including education, rehabilitation, and transition specialists who provide vocational guidance and other related services to disabled students in their last two years of high school (Benz et al., 2000) . Similar models are also being used in the private sector. The most well-known privately operated program -the Marriott Foundation's Bridges from School to Work Program -has, since 1990, served more than 10000 special education transitioning youth from six major metropolitan areas located around the country. Students are referred through partnerships with local schools and must enter the program in the last two years of high school. The intervention consists of a one-semester vocational training program that includes career counseling and support by Bridges sta¤ (Fabian, 2007) . Unlike PERT, Bridges also includes job placement and paid work experience.
Data
To measure whether PERT leads to more e¤ective rehabilitation and schooling services, we utilize data on VR services, schooling, and labor market outcomes of PERT recipients and non-recipients. DARS administrative records of applicants for VR services during SFY 2000 comprise our main source of data. For each DARS applicant, the data include a range of socioeconomic and demographic variables, information on disabilities, detailed VR service information, and an indicator for whether the respondent received PERT. All PERT recipients are DARS applicants. Supplemental data sources supply information on the number of disabled youth, labor market outcomes, and local labor market conditions of each jurisdiction in Virginia. Each of these is discussed in turn below. 6 . 8 All potential PERT recipients must …rst apply for VR services from DARS. To avoid bias associated with left censoring (e.g., Heckman and Singer, 1984a; Dean et al., 2015 Dean et al., , 2016 , we exclude 2544 observations where the individual's …rst service spell was prior to SFY 2000. Also, given our focus on transitioning youth, we exclude individuals older than 25 (4145 observations). A number of other exclusion criteria are used with relatively small e¤ect on the sample size (see Table 1 ). After sample selection, we have a sample of size 3073 individuals, 394 of whom participated in PERT.
Department for Aging and Rehabilitative Services Data

PERT and VR Service Provision
For each individual, we observe an indicator for PERT participation and measures of VR service provision. VR applicants begin by developing, with a counselor, an individualized plan which speci…es the array of services to be provided. 9 Following 5 Recent years have seen e¤orts to standardize the provision of vocational services to transitioning youth with disabilities through the National Alliance for Secondary Education and Transition (NASET, 2005) and the National Center on Secondary Education and Transition (Grigal, Dwyre, and Davis, 2006) . 6 Also, we use the National Longitudinal Transition Survey (NLTS) to estimate the distribution of the age of high school completion. These data are discussed in Appendix 8.3. 7 Some of the discussion and terminology in this section is similar to that in Dean et al. (2015 Dean et al. ( , 2016 ) because all three papers use the same data. 8 Dean et al. (2015 Dean et al. ( , 2016 use these data to evaluate the impact of DARS VR services to persons with cognitive and mental impairments. 9 Of the full analysis sample, 2% were deemed ineligible, and another 8% withdrew from the process prior to the development of an individualized plan for employment (IPE). The remaining 90% were eligible to receive the VR services described in this section. Of the 394 applicants who received PERT (12:8% of the total), four did not complete an IPE but kept their VR application open throughout the PERT evaluation. All but one of those completing an IPE maintained an open VR case throughout and beyond their PERT evaluation. Of these, 74% completed their IPE prior to the PERT evaluation, 5% during PERT, and 21% subsequent to PERT. DARS purchased VR services for 51% of PERT recipients, with 99% of the dollar value of those expenditures made subsequent to the PERT evaluation. 
Dean et al. (2002)
, we aggregate VR services into the six service types listed in Table 2: 10 diagnosis & evaluation 11 is provided at intake in assessing eligibility and developing an plan, and possibly later in the form of job counseling and placement services; training includes vocationally-oriented expenditures including those for on-the-job training, job coach training, and supported employment; education includes tuition and fees for a GED (graduate equivalency degree), a vocational or business school, a community college, and a university; restoration covers a wide variety of medical expenditures including dental services, hearing/speech services, eyeglasses and contact lenses, drug and alcohol treatments, psychological services, surgical procedures, hospitalization, prosthetic devices, and other assistive devices; maintenance includes cash payments to facilitate everyday living while receiving other services and covers such items as transportation, clothing, motor vehicle, and/or home modi…cations, and services to family members; and other consists of payments outside of the previous categories such as for tools and equipment.
The DARS administrative records provide information on the receipt of purchased services.
12 Table 2 displays the fraction of cases receiving a particular purchased service for the subgroups of PERT and non-PERT recipients. Among the 394 PERT recipients, just over half -199 -receive DARS purchased services. Among the non-PERT recipients, 1774 receive DARS services, and 905 do not. Clearly, PERT recipients are less likely to receive DARS purchased services. This pattern also holds for particular services such that non-PERT recipients are much more likely to have purchased services on diagnosis & evaluation, education, and restoration.
While some clients receive no purchased services, others receive multiple services. For example, 129 clients receive diagnosis & evaluation along with restoration, 116 receive diagnosis & evaluation along with training, and 41 receive diagnosis & evaluation, training and restoration.
1 0 There are 76 separate services provided by DARS, other state agencies, and 1252 vendors. Of these vendors, 73 are employment service organizations which receive roughly half of total purchased-service dollars, usually in the form of job coach services or supported employment. 1 1 Variable names are in a di¤erent font to avoid confusion. 1 2 The DARS administrative data do not directly provide information for services provided internally by DARS personnel (i.e., in-house services) or provided by another governmental agency or not-for-pro…t organization with no charge to DARS (i.e., similar bene…ts) Following Dean et al. (2015a, b), we measure non-purchased service provision using three administrative data sources covering all non-purchased service expenses except for in-house counselor services. These data imply that 10:0% of VR applicants receive diagnosis & evaluation service from non-purchased services. Percentages for other services are: 1:3% for training, 4:4% for education, 4:4% for restoration, 1:1% for maintenance, and 2:4% for other services. 
Explanatory Variables
The sample moments for the explanatory variables from the DARS data are displayed in Table 3 . While many of the variables are standard for this type of analysis, some are unusual and included because of the nature of the youth being considered. Special education is a dummy variable equal to 1 for those observations where the respondent received a special education certi…cate; 18:7% of the respondents received such education. Education information is missing for 8:5% of the sample.
Rather than exclude such observations, we included a dummy variable for when education information was missing. There are a number of measures of physical and mental disabilities available in the data. We use indicators for the existence of musculoskeletal problems, a learning disability, mental illness, a cognitive impairment, and substance abuse problem. Mental illness, for example, is a dummy variable equal to one if the individual's primary or secondary disability at intake was mental illness.
13
There are also three measures of the signi…cance of the respondent's disability: not signi…cant, signi…cant, and most signi…cant (we use not signi…cant as the base level).
The observed characteristics of PERT recipients are similar to non-recipients except for the incidence of di¤erent impairments. PERT recipients are more likely to be cognitively impaired (35% versus 25%) and learning disabled (53% versus 43%) but less likely to be mentally ill (19% versus 29%).
As in Dean et al. (2015 Dean et al. ( , 2016 , we construct two instrumental variables to help identify the impact of VR services on labor market outcomes: the proportion of other clients of the individual's counselor receiving a particular service and the proportion of other clients at the individual's …eld o¢ ce receiving a particular service 14 Importantly, these instruments are correlated with the provision of VR services. A test of the null hypothesis that the joint density of services within o¢ ces does not vary across o¢ ces is rejected at standard signi…cance levels. We also reject the null that each o¢ ce provides each service in the same proportion, one at a time. 15 The fact that there is statistically signi…cant variation in the provision of services across o¢ ces and counselors make these viable instruments. A more detailed discussion of the instrumental variable assumptions is provided in Section 4.5 and in Dean et al. (2015 Dean et al. ( , 2016 .
Finally, using these geographic identi…ers in the DARS data, we include data on local economic conditions provided by the Bureau of Economic Analysis (BEA, 2010). In particular, we construct measures of log employment rates at two units of geography: county and MSA/RSA level (see Dean et al., 2015 Dean et al., , 2016 . The two measures have very similar properties and 1 3 The existence of visual, hearing/speech, internal disabilities, and other miscellaneous disabilities were available in the data but not common enough or not varying enough to measure precise e¤ects. So, while respondents with these impairments are included in the analysis, these variables were not used in the analysis. 1 4 These variables are transformed as is described in Appendix 8.1. Also see Dean et. al. (2015 Dean et. al. ( , 2016 
Virginia Department of Education Data
An essential part of our analysis involves estimating a model of PERT participation as described in Section 4.1. For each district, we observe detailed information on PERT participants and know the maximum number of PERT slots reserved for each jurisdiction. To estimate the PERT selection probability, we use Virginia Department of Education (VDOE) data on the size of the potential population from which PERT participants are selected; i.e., the number of teenagers between the ages of 14 18 with disabilities, disaggregated by jurisdiction (city/county), age, and condition. To do this, we aggregate the 15 conditions in the VDOE data into 8 conditions compatible with the DARS data. The 8 aggregated conditions are cognitive impairment, autism, hearing/visual/speech, mental illness, musculo/skeletal, internal disability, learning disability, and traumatic brain injury.
16 Figure 1 shows the proportion of those eligible who participate in PERT, disaggregated by condition and age. This …gure shows notable variation in the participation probability by age and limitation. There are no PERT participants who are 14 years old, and few who are 15 years old. The conditions with the highest participation rates are musculo/skeletal, cognitive impairment, autism, and learning disability, and the conditions with the lowest participation rates are mental illness, hearing/vision/speech, internal disability, and traumatic brain injury. There is also statistically signi…cant and substantial variation across jurisdictions for all of these proportions.
Virginia Employment Commission Data
A unique and valuable feature of this analysis is that we have information from an administrative data source about individual quarterly earnings prior to, during, and after service receipt. In particular, we use data collected from quarterly employment records provided by employers to the Virginia Employment Commission (VEC) for purposes of determining eligibility for unemployment insurance bene…ts. For each DARS applicant, we observe employment and log quarterly earnings, where employment is a binary measure of working in a particular quarter in the labor market.
17 Table 5 provides information 1 6 A certain amount of approximation is involved in aggregating the 15 observed conditions in VDOE to 8 conditions and 5 age groups. In some cases, in a particular jurisdiction/(aggregated) condition/age cell, we observe more PERT participants (based on DARS data) than we observe disabled youth satisfying the same conditions. In total there are 62 out of (105 8 5 =) 4200 such occurences. While these occurances are not consistent with the model, they occur very infrequently and are spread out across cells and across jurisdictions. One cell has a discrepancy of 5 youths, 2 have discrepancies of 3 youths, 8 have discrepancies of 2 youths, and 51 have discrepancies of 1 youth. Three jurisdictions have discrepancies of 3 youths, 13 have discrepancies of 2 youths, and 27 have discrepancies of 1 youth. In these cases, we "add" the necessary number of youth for each cell to make the VDOE counts consistent with the DARS counts. 1 7 While it would be valuable to decompose quarterly earnings into wage level and hours, this is not possible in the VEC data. Figure 2 : Employment Rates on sample sizes and the mean employment rate and log-quarterly earnings (conditional on working) disaggregated between quarters before and after initial service provision. Employment rates and quarterly earnings increase (conditional on working) after service provision. Most notably, the employment rates increase nearly three-fold for PERT recipients and two-fold for non-PERT recipients. A naive unconditional di¤erence-in-di¤erence estimator implies that PERT increases employment rates but decreases log-quarterly earnings conditional on working. Figures 2 and 3 display quarterly employment rates and earnings (conditional on working), respectively, for SFY 2000 applicants who receive substantial VR services and those that do not receive substantial services. We refer to these two groups as the treated and untreated, respectively. In these …gures, quarters are measured relative to application date (not the initial service date) so that quarter 0 is the quarter of application, quarter 4 is one year prior to application, and quarter 4 is one year post-application.
Importantly, in the base quarter, the applicants in these data are relatively young -between the ages of 15 to 25 -and, in many cases, still attending school. Figure 2 shows the employment probabilities rising steadily from almost 0 in period 12 to between 40% to 60% 2 years after the application when the respondents are between the ages of 17 to 27. Perhaps the most striking …nding is seen by comparing the employment rates between PERT recipients and non-recipients. Prior to the DARS application, employment rates for PERT recipients are notably below the rates for applicants who do not receive PERT. Post-application, the employment rates for both groups receiving DARS services rise relative to the nonservice groups, with the rates for PERT recipients increasing the most dramatically. PERT clearly is associated with notable gains in employment relative to the comparison group of young applicants that did not receive PERT. For example, one year prior to the application quarter, the employment rates are 35%-40% for non-PERT recipients and only about 12% for PERT recipients. One year after the DARS application, the employment gap between PERT recipients and non-recipients narrows. Four years after the application, the employment rates of PERT recipients match the rates of non-recipients, and DARS service provision seems to be the key distinction between the groups. In particular, the groups receiving DARS services (both PERT recipients and non-recipients) have employment rates about around 55%, while those not receiving DARS services (both PERT recipients and non-recipients) have employment around 50%. In fact, PERT recipients who While there is notable association between DARS services receipt and employment, there is no such relationship with earnings. Figure 3 shows that earnings among the employed are lower for the PERT recipients than non-recipients and that DARS service provision does not seem to be associated with earnings. Thus, VR treatment services are associated with a sharp, substantial, and sustained increase in employment but no discernible change in quarterly earnings among the employed.
Model and Econometric Methodology
In this section, we present our model of endogenous service receipt and labor market outcomes, construct the corresponding likelihood function, and discuss the identi…cation of the model. We begin by detailing the model of PERT participation. The basic approach borrows from the standard binary choice random utility framework, but it is complicated due to institutional constraints limiting the number of slots per district and the lack of individual level data on non-participating students. We do not observe a random sample of individuals who might participate in PERT. Instead, we observe a mix of individual information about PERT participants from the DARS data and aggregate information on the size of the relevant district level population disaggregated by age and limitation (e.g., mental illness) from the VDOE data. 18 After describing the PERT participation model, we then modify the Dean et al. (2015 Dean et al. ( , 2016 ) model of VR services and labor market outcomes. In this model, PERT has a direct impact on employment and earnings and an indirect impact via VR services and schooling. We allow for unobserved factors associated with PERT participation to be associated with the unobserved variables in the VR service and labor market outcomes.
After presenting the model, we then construct the likelihood function and discuss the sources of exogenous variation used to identify the parameters. As noted above, several approaches are used to address the selection problem including the longitudinal data that allow us to account for pre-service di¤erences, an error factor model that allows for correlation across unobserved variables, and instrumental variables that are assumed to impact service receipt but not the labor market outcomes. In particular, we instrument for the provision of PERT services using programmatic restrictions on the number of students allowed to sign up for PERT. This "slot constraint" is associated with the PERT participation probability but arguably uncorrelated with unobserved labor market factors. In addition, following Doyle (2007), Maestas et al. (2013) , and Dean et al. (2015 Dean et al. ( , 2016 , we instrument for VR service provisions using the propensity of an individual's VR counselor and …eld o¢ ce to assign clients to services. As discussed below, these counselor/…eld o¢ ce variables are related to VR service provisions but not directly related to the labor market outcomes.
Model of PERT Participation
Let i index disabled youth in Virginia, i = 1; 2; ::; n, j (i) be the jurisdiction of person (student) i, and let J (j) be all of the disabled individuals i with j (i) = j; i.e., all of the disabled youth living in jurisdiction j. Assume the latent value for i of participating in PERT is
where X p i is a vector of observed exogenous explanatory variables, p is a vector of coe¢ cients, and fu p i ; p i g are unobserved random variables whose structure is speci…ed below.
As in a standard random utility model, we assume that, for student i to participate in PERT, the (latent) value of participating p i is positive. In addition, however, there are institutional constraints on the maximum number of students from each jurisdiction. Overall, 22 jurisdictions, or 29:1%, used more slots than they were assigned. 19 To model this process, let n s j be the number of PERT slots reserved for students in jurisdiction j and assume that a student participates in PERT,
where
indicates if the slot constraint is violated. Thus, a jurisdiction can use more slots than allocated but with a more restrictive criterion for participation (p > 0). Let P (j) = fi 2 J (j) : p i = 1g be the set of disabled youth in jurisdiction j who participate in PERT.
VR Services and the Labor Market
Next, we model participation in DARS and labor market outcomes using a modi…ed version of the approach from Dean et al. (2015 Dean et al. ( , 2016 ). While the model for VR services looks quite standard, the model for labor market outcomes includes signi…cantly more structure than is usual in a model of treatment e¤ects. First, we model participation in VR service receipt. De…ne D (j) as the set of disabled youth in jurisdiction j who apply for DARS services. Some applicants receive VR services, and others do not. Let y ik be the latent value for individual i of participating in service k, k = 1; 2; ::; 6, and assume that
where X y i is a vector of exogenous explanatory variables, p i is a binary indicator for PERT participation, f y k ; y k g are coe¢ cients, and fu y ik ; " y ik g are unobserved random variables whose structure is speci…ed below. Let y ik = 1 (y ik > 0) be an observed indicator for whether i receives service k. Second, we model employment. Let z it be the latent value for i of working in quarter t, and let z it = 1 (z it > 0) be the observed indicator for whether i is employed in quarter t. Assume that
where X z it is a vector of (possibly) time-varying, exogenous explanatory variables, d it t is a dummy variable equal to one i¤ the amount of time between the quarter of service receipt and t is between k t and t+1 , s i is the amount of time left in school after PERT participation, and fu z it ; z it g are errors whose structure is speci…ed below. 20 The time periods implied by the nodes we use are a) 2 or more quarters before service , b) 1 quarter before service, c) quarter after service to 8 quarters after service, and d) 9 or more quarters after service. Finally, we model earnings. Let w it be the log quarterly earnings of i at t, and assume that
where variables are de…ned analogously to equation (4) . 21 Notice that PERT participation enters into the model in a number of ways:
1. PERT a¤ects the choice of services provided through y j in equation (3) and the e¢ ciency of DARS service through z 1k t in equation (4) and w 1k t in equation (5) . The idea here is that PERT provides information about what type of vocational services will be most helpful to the client, thus a¤ecting the choice of provided services and improving their e¢ ciency.
2. PERT interacts with s i to a¤ect labor market outcomes through ' z in equation (4) and ' w in equation (5) . The idea here is that PERT provides the school system with information about the needs of the youth and thus the time the school has, as measured by s i , to act on that information. 22 3. PERT may directly improve labor market outcomes through z in equation (4) and w in equation (5) . The idea here is that PERT might focus its participants on being a productive member of the labor market and provide direct skills useful in the labor market.
Assumptions on the Errors
To allow for a rich correlation structure across these equations, assume that We include the (e i1 ; e i2 ) to allow for two common factors a¤ecting all dependent variables with factor loadings ( .
We also allow for serial correlation and contemporaneous correlation in the labor market errors ( Recall that we observe measures of purchased and non-purchased service receipt to use in the service receipt equation (equation (3)) and the labor market equations (equations (4) and (5)). However, if the only source of service receipt is in-house and/or similar bene…ts, then the y k coe¢ cients in equation (3) are multiplied by a service-choice "in-house service/similar bene…ts" parameter 1 (to be estimated), and the z 0k t ; w 0k t coe¢ cients in equations (4) and (5) are multiplied by an outcomes "in-house service/similar bene…ts" parameter 2 (to be estimated).
This allows both the service choice decisions and labor market outcomes to depend upon the source of the service (i.e., purchased vs. non-purchased). 2 2 See, for example, Phelps and Hanley-Maxwell (1997) for a review of vocational education programs aimed at disabled youth, Wittenburg et al. (2002) for a discussion of the need for models focused on evaluating the bene…ts of school/non-school interaction e¤ects, and Test et al. (2009) for an empirical analysis of some school-based programs. 2 3 The covariance matrix implied by this error structure is presented in Appendix 8.2. Disabled youth can participate in DARS and PERT. There are three relevant cases to consider in constructing the likelihood function:
Likelihood Function
The fourth possibility, i 2 P (j (i)) ; i = 2 D cannot occur because all PERT participants apply for DARS services. For case (a), we see only proportions of disabled youth with speci…c characteristics observed in the VDOE. For (b) and (c), the individual i applied for DARS services, i 2 D, and we observe their behavior in both the DARS administrative data and our VEC administrative data. In these two cases, we observe PERT and DARS service participation and the labor market history.
De…ne
and
to be the set of PERT (correlated) errors for disabled youth from jurisdiction j. Then the joint likelihood contribution, conditional on ! u j , for youth in jurisdiction j who are in the DARS data is
For each observation i, one has to condition on ! u j because ! u j a¤ects v j and because of competition induced by the slot constraint. For (a), for each jurisdiction j, decompose the VDOE sample into mutually exclusive and mutually inclusive cells, indexed by c. Cells are constructed so that all of the youth in a cell have the same set of explanatory variables and no youth in a di¤erent cell have the same set of explanatory variables. De…ne c (i) as the cell for person i. All of the youth in a particular cell have the same likelihood contribution since all we observe about each is that they chose not to participate in DARS. The likelihood contribution for any such individual is
De…ne n jc as the number of disabled youth in jurisdiction j and with characteristics consistent with cell c and n p jc as the number of disabled youth in jurisdiction j with characteristics consistent with cell c that participated in PERT (based on DARS data). Then, since all of the youth in cell c have the same characteristics, the likelihood contribution for all of them together is
If we simplify by conditioning on whether the slot constraint is violated; i.e., we do not ensure that the errors for other youth in the same jurisdiction were consistent with the slot constraint when evaluating the likelihood function for each individual case, then the log likelihood function is
where G ( j ) is the joint normal density with covariance matrix implied by the error structure. The likelihood contribution for each jurisdiction is simulated using a simulator similar to GHK (Geweke, 1991): For each j, 7. Repeat r = 1; 2; ::; R times with antithetic acceleration (Geweke, 1988) , and average.
Note that one might think that there are discontinuities in the subset of the error space consistent with a particular outcome or even multiple equilibria of the sort seen in Tamer (2003) . However, we avoid this problem by assuming that the jurisdiction picks the students with the largest values of p . For example, imagine a jurisdiction with two disabled students, A and B, and one slot. The decomposition of R 2 corresponding to choices made are represented in Figure 4 . In the region labeled "neither," the errors are both small enough so that it is not worthwhile sending either youth (both have negative value). In the region labeled "A,"the errors are such that the best choice is to send only A. Along the diagonal part of the border, each of A and B would be worth sending if the other were not going. However, on the "A"side of the boundary, A's value of going is greater than B's. Similarly, in the region labeled "B," only B is sent. In the region labeled "Both," both should be sent because each satis…es the participation criterion even when the slot restriction is violated. In general, when the jurisdiction has more than two youth, the relevant picture is a higher dimension decomposition with similar features. (3) associated with male for j = training. Similarly, the covariation between white and employment status identi…es the z coe¢ cient in equation (4) associated with white, and the covariation between white and log quarterly earnings identi…es the w coe¢ cient in equation (5) associated with white. Second moment parameters such as 2 and are identi…ed by corresponding second sample moments.
Second, participation in PERT, DARS services, and the labor market, may be endogenous. Three approaches are used to address this identi…cation problem. First, as in a di¤erence-in-di¤erence design, we control for pre-treatment labor market di¤erences between those who will and will not receive services. If the di¤erences in unobserved factors that confound inference in equations (4) and (5), u w it and u z it , are …xed over time, then controls for the observed pre-treatment labor market di¤erences address the endogenous selection problem (see Meyer, 1995; Heckman et al., 1999, Section 4).Second, the factor model explicitly accounts for correlation between the unobserved variables in the service and labor market equations.
Finally, we assume that several instrumental variables impact service receipt but not the latent labor market outcomes. In particular, we instrument for the provision of PERT services using the school district "slot constraints." These district level constraints are established by the PERT program, are based largely on the historical needs and characteristics of each district, and vary little from year-to-year. The constraints are not based on local labor market conditions. Thus, these slot thresholds, which are associated with the PERT participation probability (see Table 12 , we instrument for VR service provisions using the propensity of an individual's VR counselor and …eld o¢ ce to assign clients to services. These instruments are strongly associated with service receipt (see Section 3) but unlikely to be related to the labor market structural errors. DARS clients have limited ability to select their …eld o¢ ce, which is determined by the residential location of the client, or a counselor whom, conditional on observed characteristics, is randomly assigned. Thus, the assignment to o¢ ces and counselors is e¤ectively random conditional on the observed characteristics of clients. (Dean et al., 2015 (Dean et al., , 2016 . Still, as noted in Dean et al. (2016) , this assumption might be violated if service provision decisions are based on idiosyncratic features of the local labor market that are not fully accounted for using the BEA data.
Estimation Results
We divide up the discussion of parameter estimates in three parts: …rst, the estimated e¤ect of PERT and VR services on labor market outcomes; second, the parameters associated with observed characteristics, and third, the error structure parameters. Finally, we report results from a series of speci…cation tests. 2.Single-starred items are statistically significant at the 10% level, and doublestarred items are statistically significant at the 5% level. 
PERT and VR Services
We begin by examining the estimated e¤ect of PERT and VR services on labor market outcomes. Table 7 presents direct PERT e¤ects on employment and earnings as well as the indirect e¤ects via schooling. PERT has a direct positive e¤ect on both employment (0:306) and conditional log quarterly earnings (0:313), and it improves school preparation for the labor market as well (0:242 for employment and 0:166 for log quarterly earnings).
In addition, we allow for PERT to indirectly impact labor market outcomes by improving the e¢ ciency of VR services. Tables 8 and 9 present these indirect PERT e¤ects as well as the estimates for the e¤ect of VR services on employment and earnings, respectively. For each labor market outcome, the e¤ects are allowed to vary across PERT participation and the six di¤erent VR service types where the PERT e¤ects are restricted to be the same across the six di¤erent services:
Given our rich labor market data, we are able to estimate both short-run (the …rst two years) and long-run (more than two years) e¤ects of services and account for pre-service outcomes in the quarter prior to services as well as two or more quarters prior to the initial service. As noted in Section 4.5, inclusion of pre-treatment periods is a way to account for the e¤ect of endogenous selection into services. The quarter immediately prior to initial service provision is separated out because this quarter seems likely to have a distinct impact on selection and because of the well-documented variation in labor market behaviors just prior to the application period -the Ashenfelter dip (Ashenfelter, 1978; Heckman et al., 1999) .
Focusing …rst on the indirect e¤ects of PERT, we see that the estimates for the quarters prior to the initial service (see the …rst two columns) are substantial and statistically signi…cant for the employment equation but not the earnings equations. The estimated short-and long-run post-service coe¢ cients (see the last two columns) are all positive, substantial, and statistically signi…cant at the 5% signi…cance level.
These post-service estimates should be interpreted relative to the coe¢ cients associated with pre-service measures in the …rst column. So, as seen in Table 8 , prior to service provision, the indirect e¤ect of PERT on employment is 0:205. In the two years after service provision, it rises to 0:066, and then, in the longer-run, it increases further to 0:233. Thus, the long-run indirect e¤ect of PERT on employment is 0:438. Likewise, Table 9 shows that the long-run indirect e¤ect of PERT on log quarterly earnings is 0:194. PERT appears to have important positive employment and earnings e¤ects that work by improving the e¢ ciency of VR service provisions. Tables 8 and 9 also provide estimates of the direct e¤ect of VR services. All of the coe¢ cients for both employment 2.Single-starred items are statistically significant at the 10% level, and doublestarred items are statistically significant at the 5% level. and log quarterly earnings associated with periods two or more quarters prior to the initial service are substantial and statistically di¤erent than zero. For training, the estimates imply that those provided training services have lower pretreatment employment probabilities ( 0:397) and lower quarterly earnings ( 0:411). For education, the estimates imply selection is positively associated with pre-service employment probabilities (0:133) but lower quarterly earnings ( 0:097). In general, the results for the quarter one period prior to services are qualitatively similar although in many cases are not statistically di¤erent than zero. Overall, these results suggest a heterogeneous selection process where applicants are assigned to particular services based on underlying unobserved factors that are associated with pre-service labor market outcomes.
The last two columns of results display the estimated short-and long-run e¤ects of services on labor market outcomes. As with the PERT estimates, these estimates should be interpreted relative to the coe¢ cients associated with pre-service measures in …rst two columns. For example, as seen in Table 8 , prior to service provision, the e¤ect of training on employment is 0:397. In the two years after service provision, it rises to 0:110, and then, in the longer run, it declines to 0:264. The long-term e¤ect of training on those who were trained after accounting for selection into service is 0:264 + 0:397 = 0:133. The e¤ects of each service type across the four time periods can be observed easily in Figure 5 . Relative to employment propensities prior to service provision, we observe that PERT and all services except for restoration and maintenance increase employment probabilities in both the short-and long-run. Table 9 displays estimates for the e¤ect of service provision on log quarterly earnings and the relative e¤ects can be observed easily in Figure 6 . For earnings e¤ects, PERT and all services except short-run restoration and maintenance lead to higher earnings conditional on employment. 24 The structural model estimates presented in this section suggest a much more complex and nuanced picture than found in the simple before-and-after analysis displayed in Figures 2 and 3 . Recall that these …gures, which display the unconditional mean employment and earnings outcomes respectively, reveal little pre-program di¤erences between VR recipients and nonrecipients, fairly substantial positive post-treatment employment associations, particularly for those receiving PERT, and almost no relationship between services and earnings. After conditioning on observed covariates, accounting for six di¤erent service types rather than a single treatment indicator, and using instrumental variables in a model with endogenous service provision, the structural model estimates also reveal a strong e¤ect of PERT on employment. In contrast, however, the estimates from this model reveal a notable e¤ect on earnings. With respect to VR services, we …nd evidence of pre-and post-program labor market di¤erences which, except for restoration and maintenance, indicate positive employment and earnings e¤ects. 2 4 All F -statistics testing for the joint signi…cance of the short-term and long-term log quarterly earnings and employment e¤ects relative to the e¤ect prior to program participation are statistically signi…cant with p-values less than 0:0001. 2 5 We allow the impact of non-purchased serivces to di¤er from purchased services: see 1 and 2 discussed in Section 4.2). The estimated e¤ect of non-purchased services on labor market outcome e¤ects is estimated to be b 2 = 0:189 and is statistically signi…cantly di¤erent from both zero and one at the 5% level. To the degree that DARS service receipt mostly has positive e¤ects on labor market outcomes, this estimate implies that non-purchased services are signi…cantly less e¤ective than purchased services.
In contrast, the estimated e¤ect of being a non-purchased service on service receipt is b 1 = 0:020 with a large standard error. This small size of this estimate implies that receipt of non-purchased services appears to be almost uniformly randomly provided. Given the nonlinearity of the model, the parameter estimates do not directly measure the e¤ects of PERT participation on labor market outcomes. The direct e¤ect of PERT increases the average employment probability from 45:1%: (see Table  5 ) to 57:6%; or 12:5 percentage points. 26 The average proportionate increase in conditional quarterly earnings is 31:3% (see Table 7 ), implying a composite increase in unconditional quarterly earnings of In addition to the direct e¤ect of PERT on labor market outcomes, our model also allows for indirect e¤ects via schooling and VR services. The addition of one year of schooling increases the employment probability by another 30:1 percentage points, conditional quarterly earnings by another 16:6%, and unconditional quarterly earnings by 53:4%. Finally, in the short run, the addition of DARS interaction e¤ects increases employment probabilities by another 7:5%, conditional quarterly earnings by another 22:8%, and unconditional quarterly earnings by another 33:4%, and in the long run, increases employment probabilities by 9:9%, conditional quarterly earnings by another 36:3%, and unconditional quarterly earnings by 33:4%.. Table 10 presents estimated e¤ects of the counselor and o¢ ce instruments on service receipt. 27 There are two types of coe¢ cient estimates reported in the table: a) the counselor and o¢ ce variables and b) the missing counselor variable for cases when the relevant counselor does not have enough other clients to measure the counselor instrument. 28 The counselor and o¢ ce instruments have large and statistically signi…cant e¤ects on service provision across clients. Table 11 reports the e¤ects of demographic variables on the two labor market outcomes of interest (z it in equation (4) and w it in equation (5)). Almost all of the estimates are statistically signi…cant. Many of the estimates are as expected including positive e¤ects of male on employment (0:124) and earnings (0:289), positive e¤ects of white on employment (0:089) and earnings (0:198), negative e¤ects of special education on employment ( 0:619) and earnings ( 0:165), positive e¤ects of age on employment (0:777) and earnings (0:580), negative e¤ects of musculoskeletal problems on employment ( 0:407) and earnings ( 0:241), negative e¤ects of mental illness on employment ( 0:028) and earnings ( 0:174), negative e¤ects of substance abuse on employment ( 0:452) and earnings ( 0:468), negative e¤ects of most signi…cant disabilities (relative 2 6 A probit e¤ect of 0:306 from Table 7 translates into an increase in average employment from 0:451 to 0:576 [ 1 (0:451) + 0:306 = 0:576]. 2 7 Estimates of the impact of covariates on service receipt are available from the authors. For the most part, the other observed characteristics do not have large or statistically signi…cant e¤ects on service receipt. One notable exception is the impact of PERT participation on service usage which is mostly estimated to have a negative impact on VR service receipt This may occur because, to some degree, PERT is a substitute for other DARS services, or it may occur because, on average, counselors discover that standard DARS services will not be of much use to clients. It is not clear how to tease out these two e¤ects. 2 8 We restrict missing o¢ ce e¤ects coe¢ cients to be zero because there are not enough cases and those that exist are too highly correlated with missing counselor e¤ects to estimate both with any precision. Note: Single-starred items are statistically significant at the 10% level, and double-starred items are statistically significant at the 5% level. to not signi…cant) on employment ( 0:074), and the positive e¤ect of has driver's license on both labor market outcomes. However, some of the estimates are counterintuitive. In particular, the negative estimates for education on employment ( 0:058) and earnings ( 0:016) are unexpected, but may re ‡ect negative labor market experience e¤ects. Likewise, the positive estimates for signi…cant disabilities (relative to not signi…cant) are puzzling. While the local labor market conditions behave in the expected way, metro labor market condition estimates are counterintuitive (see Dean et al. 2015 and 2016 for similar mixed results). Finally, Table 12 provides estimates associated with participation in the PERT program. The estimates imply a priority ordering among conditions where students with musculo/skeletal conditions (1:001) and cognitive impairments (0:573) receive the highest priority and students with learning disabilities ( 0:172), hearing/visual/speech disabilities ( 0:232), and internal disabilities ( 0:274) receive the lowest priority.
Estimates of the Impact of Covariates
Between the ages of 15 18, there is a relatively constant demand for students across age. Finally, jurisdictions violating the slot constraint require PERT recipients to meet higher minimum standards (0:122) than other jurisdictions (see equation (2)).
Estimates of the Covariance Structure
Our model has a rich error covariance structure, as seen in equation (6) . This allows for the possibility that unobservables associated with service provision are correlated with unobservables associated with labor market outcomes. Table 13 displays the estimated factor loadings. The factor loadings for Factor 1 exhibit positive correlations between employment and earnings, negative correlations of both with education service provision, and statistically insigni…cant loadings for the other services. 29 In contrast, the factor loadings for Factor 2 imply no meaningful correlations. With the exception of education in Factor 1 and PERT in Factor 2, none of the service factor loadings are signi…cant, suggesting minimal selection associated with participation in DARS services or PERT.
The estimates of the other elements of the error structure are reported in Table 14 . The serial correlation estimate is very large due to the high degree of inertia associated with labor market spells. The correlation between the two di¤erent labor market outcome errors suggests a high degree of correlation between the employment and earnings. The estimate of the log earnings error w is quite large, implying standard deviation in quarterly earnings due to unobserved factors on the order of $6574. It is unclear how much of this variation is due to variation in wages and how much is due to variation in hours. 1.Single-starred items are statistically significant at the 10% level, and double-starred items are statistically significant at the 5% level. 2.The identifying condition associated with the factor loadings is that the factor loadings for the six different services are orthogonal. We impose this condition by computing the factor loading for factor 2 on other services as a function of the other 11 relevant factor loadings. The factor loadings associated with labor market outcomes are not part of the orthogonality condition. where ς is estimated to insure that -1<ρ<1. Standard deviations are estimated using the transformation, σ=exp{ς} where ς is estimated to insure that σ>0. Standard errors for both are derived using the delta method. 
Speci…cation Tests
Standard goodness-of-…t tests imply the model fails to match the service provision and employment probabilities; there is a statistically signi…cant di¤erence between the model predictions and the observed probabilities. 30 Additional insight is found by comparing the predicted and sample probabilities. Figure 7 shows where predicted and aggregated sample service participation probabilities di¤er. Deviations between the 45 line and the "sample lines"at any particular predicted probability represent that part of DARS service participation probability that the estimated model is not predicting. While there are some signi…cant deviations, it is clear that we are capturing the major features of the participation data. Figure 8 plots the deviations between predicted and sample employment probabilities for the periods before and after service receipt. Overall, we are estimating too much variation in employment probabilities, especially for employment after service.
Finally, we use a series of Lagrange Multiplier (LM) tests to assess whether the employment equation is missing signi…cant interactions of demographic characteristics and interactions of service types. The results are mixed. On one hand, the LM tests suggest service interactions are not statistically signi…cant. On the other hand, we …nd that education, special education, age, married, # dependents, some speci…c disabilities, and has driver's license all have statistically signi…cant interactions with being after service receipt. In part, this may explain why the model is overestimating the variation in employment probabilities, especially for quarters after service receipt (see Figure 8) ; the e¤ectiveness of services varies with person-speci…c characteristics that are not incorporated in the model. 
Bene…ts
We simulate the private labor market bene…ts of PERT using the structural model estimates summarized in Section 5. In particular, for each DARS applicant, we compute the present discounted value of PERT by comparing the di¤erence in quarterly earnings with and without PERT. VR service provisions are …xed at the realized values, y i . In our model, PERT a¤ects labor market outcomes in three distinct ways:
1. direct e¤ects ( z in equation (4) and w in equation (5); in Table 7 Tables 8   and 9 ); and 3. School interaction e¤ects (' z in equation (4) and ' w in equation (5); in Table 7 , c ' z = 0:242, and c ' w = 0:166).
Given this, we compute the present discounted value of PERT for each individual for a 10-year window of labor market outcomes after the initial service quarter. The estimated mean discounted bene…ts are $30713 with a standard deviation of $27444 using a 10-year window and a 5% annual discount rate. This is equivalent to earning an extra $987:83 per quarter.
In addition to estimating mean bene…ts, we can also examine the distribution of bene…ts across VR recipients. Figure 9 displays the distribution 31 of 10-year expected discounted bene…ts across the 3073 VR applicants using an annual discount rate of 5%. For total discounted bene…ts (all four e¤ects), the median expected return is $22389 ($2596 per year, on average), and 10% of recipients have expected returns above $59905 ($6946 per year, on average). This …gure also decomposes the expected return into the di¤erent estimated labor market e¤ects of PERT. Exclusion of the direct e¤ects reduces the median expected discounted bene…t from $22389 to $5596, while excluding the DARS service interaction e¤ects reduces the median to $14145. The school interaction e¤ects, which are not displayed in the …gure, are very small. The …gure shows that the relative size of the e¤ects varies across the population. For individuals with relatively low total expected discounted bene…ts, the sizes of the direct e¤ects are much larger than the sizes of the service interaction e¤ects, while, for individuals with relatively high total expected discounted bene…ts, the sizes are very similar.
Expenditures
There are two expenditure e¤ects of PERT. The …rst, more obvious one is that PERT costs money. The average cost per client of participating in PERT is $1952. The other expenditure e¤ect is on the change in expenditures on DARS services. 32 This e¤ect has two sources: the e¤ect of PERT participation on a) the probability of receiving DARS services; and b) 3 1 Variation in expected returns is caused solely by variation in explanatory variables. 3 2 We assume that there was no e¤ect of PERT participation on the …xed costs of applying for DARS services. 33 For conditional marginal costs (middle panel), PERT participation increases conditional expenditures on diagnosis & evaluation and training and reduces conditional expenditures for the other four DARS services. However, PERT participation reduces the probability of receipt (…rst panel) of all services except for maintenance and other services. The total e¤ect (third panel) is a reduction in expenditures on all DARS services. This may occur either because PERT participation is a substitute for DARS services or because PERT participation provides more information about individuals leading to more e¤ective use of DARS services. In evaluating the costs of PERT, the marginal costs of VR services vary with the conjectured PERT receipt indicator according to the results in Table 15 . For example, the VR costs for clients who received restoration services from DARS are assumed to be $267 less if the client also received PERT. Figure 10 shows the distribution of the total quarterly rates of return using 5-and 10-year horizons. Several general lessons emerge from this …gure. First, while there is signi…cant variation across individuals, the quarterly rates are generally very large. For example, 10% of VR clients have long-run quarterly rates of return that fall below 10%, the median quarterly rate of return is nearly 30%, and 30% of clients have rates of return in excess of 50%. Second, the 5-and 10-year rates of return are similar. This occurs because the rates of return are so high. 34 Figure 11 decomposes the long-run rate of return into the di¤erent labor market and costs e¤ects of PERT. The direct e¤ects of PERT have the most pronounced impact on the rate of return. When these are excluded, just over 20% of clients are estimated to have negative rates of return, and the median quarterly rate of return drop from 30% to around 5%. The indirect e¤ects of PERT on the VR service e¢ cacy have a noticeable but more modest impact on the estimated rate of return, while the cost e¤ects of PERT have almost no impact on clients with the lowest rates of return but a more pronounced impact on clients with higher rates of return.
Diagnosis
Rate of Return
Conclusions
There is a growing interest in developing innovative and e¤ective programs for youth with disabilities to aid in the process of transitioning from high school to the labor market (Dean et al., 2006; and Luecking and Wittenburg, 2009) . In this paper, we examine one such program -PERT -using a unique panel data set containing more than a decade of employment and service provision information for almost 3100 disabled youths who applied to the Virginia Department of Rehabilitative Services, in SFY 2000. Combining these data with a structural model of PERT participation, VR service provision, and employment and earnings, we provide the …rst-ever assessment of the long-term (over …ve-year) employment impacts of a transitioning program for youth with disabilities. The results paint a very positive but complex picture of the impact of this type of comprehensive, individualized vocational assessment program on the long-run labor market returns for transitioning youth with disabilities. Overall, the estimated e¤ects of PERT are striking: PERT increases average quarterly earnings by just over 167% and has an estimated median quarterly rate of return of nearly 30%. The large proportional e¤ects imply modest level changes in employment and earnings. Finally, we …nd that much of this return is associated with the direct e¤ect of PERT on employment and earnings, but the indirect e¤ects via the impact of PERT on the e¢ cacy and costs of VR service provision also play an important role. In contrast, the indirect e¤ect of PERT on the provision of schooling has a positive but relatively small impact on the estimated ROR.
Decomposition of Distribution of Quarterly Rates of Return
8 Appendix:
Counselor and Field O¢ ce E¤ects
We use as an instrument in equation (3), a transformation of the proportion of other clients of the same counselor provided each service k, i.e., a counselor e¤ect. We also use a transformation of the proportion of other clients from the same o¢ ce provide service k, i.e., an o¢ ce e¤ect. We transform the counselor and o¢ ce e¤ects using an inverse normal distribution function to make it more likely that, as the counselor and o¢ ce e¤ects vary, their e¤ect on service probabilities can vary by approximately the same amount.
To consider why this is attractive, consider a counselor who almost always uses a particular service. We want to allow for the possibility that this will imply that all of the clients of the counselor are very likely to receive that service. Limiting the counselor e¤ects to vary between (0; 1) makes it harder for that to occur. On the other hand, using an inverse distribution function for a distribution with the real line as support makes the range ( 1; 1) .
While such a transformation makes sense analytically, in practice, it might cause problems for values of the untransformed e¤ect at or near the boundaries. We propose a "…x"that both makes sense and solves the boundary problem. In particular, we propose replacing the untransformed e¤ect r ik with r ik = (1 ! i ) r ik + ! i r k
where r k is the mean value of r ik across all counselors (o¢ ces), ! i = 1 i , and i is the number of clients seen by counselor i (o¢ ce i). This speci…cation allows the counselor e¤ect and o¢ ce e¤ect to be more important for those counselors (o¢ ces) who have many observed clients. In fact, it has a certain Bayesian ‡avor to it.
There are some respondents who either have missing counselor or o¢ ce information or who have a counselor (or o¢ ce) with no other clients. For such cases, we can not create our e¤ects. 35 Because of such cases, we include a set of dummies for missing counselor and/or missing o¢ ce e¤ects. It turns out that these dummies are very highly correlated, and most of the missing o¢ ce e¤ects must be excluded from the model to avoid a singular Hessian.
Tables A.1 and A.2 provide information about the moments of the transformed counselor and o¢ ce e¤ects. One can see that there is signi…cant variation in both. There is some evidence of left-tailed skewness but no unreasonable outliers. The lack of outliers occurs despite zeroes for some programs for some counselors and …eld o¢ ces because of the weighted average inherent in equation (7) . 
Covariance Structure
The covariance matrix of the errors u 
Simulating Remaining Quarters of Schooling:
While the model allows the e¤ect of PERT services to be interacted with the remaining quarters of schooling (see equations (4) and (5)), the age of graduation from high school is not observed in the DARS data. To learn about the age of graduation for youth with disabilities, we use data from Wave V (2009) of the National Longitudinal Transition Survey 2 (NLTS2). Fielded biennially between 2001 and 2009, the NLTS2 is designed to be representative of students receiving special education as a whole and for 12 disability categories. The Wave 5 survey, when the youth were in their early twenties, has 5300 respondents.
While 4 years of high school is the modal choice (approximately 60% to 80% over di¤erent disability groups), there are signi…cant proportions in high school for more or less than 4 years. To some degree, this occurs because these students just need more time to …nish a standard (or modi…ed) high school curriculum. However, in many cases, this occurs because disabled students are taking advantage of extra opportunities available to them to extend their high school career and prepare better for life beyond high school.
Focusing on a subsample of 1246 transitioning youth from the NLTS with learning disability, emotional disturbance, or orthopedic disabilities, we estimate a probit model where the dependent variable g20 i = 1 (g20 i > 0) is equal to 1 i¤ the high school completion age is at least 20: where Emot i = 1 (i has an emotional disability), Orth i = 1 (i has a physical disability), T ransp i = 1 (i has available transportation), DrLic i = 1 (i has a driver's licence), and GovBen i = 1 (i has government bene…ts). 37 These variables are chosen because they are also available in our DARS data. Using the estimates from equation (9), we simulate the age at graduation from high school and thus s i in equations (4) and (5) .
